, "Correlation filter-based visual tracking via holistic and reliable local parts," J. Electron. Abstract. Visual tracking is a challenging task in computer vision due to various appearance changes of the target. Although correlation filter-based trackers have achieved competitive results, they may easily lead to tracking failure because of the high sensitivity of correlation filter to occlusion. Part-based correlation filter trackers can deal with partial occlusion to some extent, but they may easily drift to the background in the case of fast motion or heavy occlusion. To better solve the above-mentioned problems, a kernelized correlation filter-based tracker that processes both holistic and reliable local parts is proposed. For local parts, reliable parts are identified by peak-to-sidelobe ratio. When all parts are unreliable, we propose to apply a sliding window on each part to generate patches, among which a reliable patch is identified, and the part is replaced by the reliable patch. In holistic level, holistic tracking is performed with the rough position voted by reliable local parts, and then the holistic tracking result is used to provide feedback for parts to update its scale and filter. Moreover, we propose to reset unreliable parts when the holistic tracking result is reliable. The experimental results illustrate that the proposed tracker outperforms those of several state-of-the-art trackers.
Introduction
Visual object tracking has attracted much attention in computer vision and robotics communities, which enjoys a wide range of applications such as traffic control, medical imaging, surveillance, and auto-control systems. Given the initial state (e.g., position and extent) of a target object in the first image, the goal of tracking is to estimate the states of the target in the subsequent frames. 1, 2 Despite having achieved considerable progress over the past decade, effective modeling of the appearance of tracked objects remains a challenging problem due to visual appearance changes, 3, 4 such as illumination variation (IV), partial and heavy occlusion, background clutters (BC), motion blur (MB), deformation, and low resolution (LR). As a result, it remains a hot area of research to design a robust visual tracker.
To handle the above-mentioned visual appearance changes problem, many visual trackers have been proposed, which can be categorized into two classes according to the appearance modeling methods, i.e., generative methods and discriminative methods. Generative methods 5, 6 mainly concentrate on how to minimize the distance between candidates and the tracked target, whereas discriminative methods 7, 8 pose a visual tracking problem as a binary classification one in order to separate the target object from the background. Generative methods are based on templates or subspace models, such as mean shift or sparse coding-based visual trackers. 9, 10 These trackers incrementally learn visual representations for the foreground object region information while ignoring the influence of the background. 10 For discriminative methods, correlation filter-based visual trackers have become increasingly popular. The correlation filter can be trained quickly based on the property of the circulant matrix in the Fourier domain, so these trackers generally achieve high performance with low-computational load. 11, 12 In particular, Henriques et al. 11 proposed a visual tracking algorithm with kernelized correlation filters (KCF) by combining multichannel features with kernel trick, and experimental results show that the tracking performance was improved significantly. Not surprisingly, many recent visual trackers 13, 14 are developed based on correlation filter. Nevertheless, due to the high sensitivity of correlation filter to occlusion, many correlation filter-based trackers may easily drift to the background and lead to tracking failure. 15, 16 In order to solve this occlusion problem, part-based correlation filter visual trackers have been proposed, 12, 15, 17 which have been shown to have improved performance. However, there are still some deficiencies in the state-of-the-art partbased correlation filter trackers. First, these trackers can deal with partial occlusion and slight deformation to some extent, but they may easily drift to the background and fail to track the right target in subsequent frames when the target is undergoing heavy occlusion or severe deformation. Second, most of these trackers cannot deal with MB caused by shaking of the lens or fast motion (FM) well.
In this paper, we propose a KCF-based visual tracker via both holistic and reliable local parts (HR), abbreviated as KCF-HR tracker thereafter, which could handle the abovementioned heavy occlusion, FM, and other challenging factors. The confidence metric of peak-to-sidelobe ratio (PSR) is used to measure how reliably a part can be tracked, and the estimated part is reliable when the PSR of it is greater than a given threshold. In the KCF-HR tracker, both holistic classifier and local reliable parts classifiers are used. The tracking results of all reliable parts are employed to vote a rough position of the target, and then the target position and scale in the current frame are obtained by holistic tracking with the rough position. After that, the holistic tracking result is used to provide feedback for each part to update its scale and filter. In the above process, it can be noted that if a part is occluded or unreliable, it may lead to tracking failure if a fixed weight or high weight is assigned to the part. We propose to assign proper weight to each part by using the PSR, which is used to measure the signal peak intensity in response map, and then reliable parts can be identified as well. To deal with the situation where all parts are unreliable, we propose to apply sliding window on each part to generate several patches and all patches are tracked to find a reliable patch for each part, and then the part will be replaced by the reliable patch. When the holistic tracking result is reliable and the overlap between an unreliable part and the holistic target is less than a given threshold, the unreliable part is reset in the proposed tracker.
The main contributions of this work are summarized as follows. (1) We design a KCF-based collaborative tracker via holistic and reliable local parts. (2) A resetting unreliable parts method is proposed to ensure their reliability. (3) The sliding window method is applied to handle the case where the target moves outside the tracking window. (4) Experimental results on the OOTB 2 and OTB-100 4 datasets show that the KCF-HR tracker could effectively deal with FM, MB, and occlusion.
The rest of the paper is organized as follows. In Sec. 2, the related work is briefly reviewed. In Sec. 3, the detailed description of the KCF-HR tracker is presented. In Sec. 4, experimental results and comparison with other state-of-theart trackers are presented and analyzed. Finally, we conclude the paper in Sec. 5.
Related Work
As one of the most challenging problems in computer vision, visual tracking has attracted a lot of attention and a number of visual trackers 12, [18] [19] [20] [21] [22] have been proposed over the decade. In this section, we briefly review related works, with the main focus on the correlation filter-based trackers.
Correlation filter-based visual trackers have achieved promising results in recent years. For example, Bolme et al. 22 first proposed a new type of correlation filter that is robust to several kinds of appearance variations by minimizing the output sum of squared errors. Henriques et al. 11 proposed the circulant matrices and multiple channels feature-based KCF tracker to further accelerate the development of correlation filtering. Sui et al.
14 tracked the target by imposing an elastic net constraint on the correlation filter learning to learn a more discriminative filter. Despite having achieved considerable progress in accuracy and robustness, these global-based correlation filter trackers cannot perform well when the target is undergoing occlusion or deformation.
In order to deal with the above-mentioned problem, many part-based visual trackers have been proposed. For example, Liu et al. 12 divided the global target into multiple parts and modeled the object appearance by combining all adaptive weighted part classifiers. Li et al. 15 estimated the target position and scale by identifying and exploiting reliable patches that can be tracked effectively through the whole tracking process. Xu et al. 23 proposed an efficient scale calculation method by dividing the target into four patches and computing the scale factor with patch-based KCF trackers. Huang et al. 24 proposed to represent the target by a part space with two online learned probabilities to capture the structure of the target. Ding et al. 16 proposed a quadrangle Gaussian training label matrix to incorporate the location and size estimation problem into one filtering operation and the location and size of the target is estimated by a weighted Bayesian inference framework. The main idea of these trackers is to get the final position and scale of the target by combining weighted responses of all parts. These trackers can deal with partial occlusion and slight deformation to some extent, but they may easily fail to track the right target in subsequent frames when the target is undergoing heavy occlusion or severe deformation.
To better solve these problems, coupled-layer-based trackers are proposed. For example, Chen et al. 17 proposed an enhanced structural correlation filter (ESC)-based visual tracker. Zhao et al. 25 developed a tracker by combining the proposed discriminative global model and generative local model into a Bayesian inference framework for visual tracking. Zhang and Liu 26 proposed a coupled-layer-based tracker based on the work in Ref. 15 by using global tracking result in local layer to improve the performance of local patches. Akin et al. 27 proposed a deformable part-based correlation filter (DPCF) tracker that depends on coupled interactions between a global filter and several part filters, which is similar to our tracker. The difference between our method and the DPCF tracker is that the KCF-HR tracker estimates the scale of the target by using a discriminative filter on multiple resolutions of the searching area and resets unreliable parts by using PSR threshold of global tracking result while the DPCF tracker estimates the scale of the target by using the average distance between two reliable parts in successive frames and reinitializes the tracking system when the scaling occurs.
In recent years, many deep learning-based trackers have been proposed. For example, Qi et al. 28 proposed a hedged deep tracking (HDT) framework, which uses an adaptive decision learning algorithm to hedge several weak CNN trackers into a stronger one. Bertinetto et al. 29 proposed a fully-convolutional Siamese network (SiamFC)-based tracker and treat object tracking as a similarity learning problem. Valmadre et al. 30 improved the SiamFC tracker with redesigning the CNN network architecture in which the correlation filter is interpreted as a differentiable CNN layer. Furthermore, Danelljan et al. 31 proposed an efficient convolution operator tracking scheme to counter the issues of computational complexity and overfitting for discriminative correlation filter-based trackers. The performance of the deep learning-based trackers has been greatly improved, but its tracking speed still needs to be improved.
KCF-HR Tracker
In this section, we present the KCF-HR tracker that consists of local part level and holistic level in detail. The overview of the tracker is shown in Fig. 1 . First, the ground truth bounding box is divided into four parts in the initial frame. Then, in local part level, the part-based KCF tracking algorithm is used to track each part, and rough position of the target is voted by weighted reliable parts. In holistic level, holisticbased KCF tracking is implemented with the rough position. Finally, according to the reliable holistic tracking result, unreliable local parts are reset and holistic correlation filter and reliable parts correlation filters are updated.
KCF Tracker
In this section, we briefly reviewed the main idea of the KCF tracker 11 on which our method is built. As a discriminative method, KCF trains a classifier by taking advantages of the cyclic property and appropriate padding with a large number of densely sampled on a single image patch x of size W × H centered around the target. Given a set of training samples and labels, the goal of training is to find the function fðzÞ ¼ w T z that minimizes the squared error over all the circular shifted image samples x i and their regression targets y i , E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 6 3 ; 3 4 9 min
where i ∈ f0; 1; : : : ; W − 1g × f0; 1; : : : ; H − 1g, and λ is the regularization parameter used to control overfitting. Mapping the inputs x i of the linear ridge regression to a nonlinear feature space ϕðxÞ with kernel trick that is defined by the kernel κðx; x 0 Þ ¼ hϕðxÞ; ϕðx 0 Þi gets the nonlinear ridge regression that can be resolved as fðzÞ ¼ w T z ¼ P n i¼1 α i κðz; x i Þ, where κðz; x i Þ denotes the dot-products of x i and x, and the coefficient α can be expressed as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 6 3 ; 2 1 9 α ¼ F
where F and F −1 denote the Fourier transform and its inverse, respectively; the vector α contains all the αðiÞ coefficients. In the KCF tracker, the model consists of the transformed classifier coefficients F ðαÞ and the target appearancex that is learned over time.
In the tracking stage, the size of interesting image patch z is cropped as the same with x, and the confidence score of new patch z are calculated as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 6 3 ; 8 6y ðzÞ ¼ F −1 fF ½κðz; xÞ⊙F ðαÞg;
where ⊙ is the elementwise product. And the target position is detected by finding the coordinate at which yðzÞ has the maximum value.
Local Part Level
In the initial frame, target image x is divided into four parts, and the spatial layouts of these parts are shown in Fig. 2 , where the size of each part is half of the target size. Obviously, when the target is partially occluded, the remaining visible parts can still provide reliable cues for tracking. Then, the KCF tracker for each part is carried out by searching for the image part in each subsequent frame with appearance most similar to the part x i . To predict the tracking quality and estimate the reliability of a patch, we adopt the PSR as a confidence metric, which is widely used in signal processing to measure the signal peak strength in a correlation filter response map. 15 Given a correlation filter response map yðx i Þ of an image part x i , the PSR is calculated as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 3 2 6 ; 2 9 4
where Φ is the sidelobe area around the peak that is 15% of the response map area. μ Φ and σ Φ are the mean value and standard deviation of yðx i Þ excluding the area Φ, respectively. From Eq. (4), we can observe that the PSR becomes Fig . 2 The ground truth bounding box is divided into four parts.
Journal of Electronic Imaging 013039-3 Jan∕Feb 2019 • Vol. 28 (1) large when the response peak value is strong. As shown in Fig. 3 , a high PSR value indicates that the target object is tracked accurately, the PSR value is lower than 20 indicates that the target object is under severe occlusion, MB, or other appearance variations. Therefore, the tracked part is considered to be unreliable if its PSR is less than the threshold, which is set to 20 in this paper. The rough target position can be computed by Hough voting scheme 32 with the normalized weight w i of each reliable part. For each part x i in the current frame, the normalized weight w i can be computed as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 5 ; 6 3 ; 3 3 8 w i ¼
where n is the number of reliable parts. Then, the rough target position pos r can be defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 3 2 6 ; 4 5 9
where pos i is obtained from the tracking result of each reliable part x i . When the target moves outside the tracking window due to FM, reappearance after occlusion or drifting away, all parts will be not reliable, a sliding window method is proposed to generate several patches for each part, and then each patch is tracked with the KCF tracker to find a reliable patch. The layout of generated patches by sliding window method is shown in Fig. 4 . The size of each window is equal to its corresponding part, and the step is half width or height of its corresponding part. For example, a holistic target image with size of W × H and position (p l , p c ), the size and position of part 2 is W∕2 × H and (p l , p c þ W∕4), Fig. 3 The holistic tracking results and its corresponding PSR are shown in (a) and (b). For example, in (b), the PSR drops to 20.51 at frame 313 when the target is partial occluded, the PSR drops to 11.31 at frame 352 when the target is severe occluded, and the PSR of frame 372 increases to 21.17 when the target is redetected. Fig. 4 The layout of generated patches by sliding window method is shown in (a). The window size and step of four parts are fW ∕2 × H; W ∕2 × H; W × H∕2; W × H∕2g and fW ∕4; W ∕4; H∕4; H∕4g, respectively, e.g., positions of part 2 and generated patches are pos 2 , pos 21 , and pos 22 , respectively. The direction of sliding window of each part is indicated by the arrow. (b) and (c) are four local parts and four local parts that are replaced by generated reliable patches, respectively.
respectively. The generated m patches share the same size with its corresponding part 2, and positions of all patches are fðp l ; p c þ W∕2Þ; ðp l ; p c þ W × 3∕4Þ; : : : ; ½p l ; p c þ W × ðm þ 1Þ∕4g. Then, the local KCF tracker is performed on all generated patches of part 2. If a generated patch is reliable, part 2 will be replaced by the generated reliable patch. In the same way, we can get new reliable local patches. Finally, the holistic-based KCF tracker is employed on the new position voted by Hough voting schema, and all replaced parts will be restored in the case of holistic tracking result is unreliable. If all local parts are not replaced by generated patch, holistic tracking will be performed at the position of the previous frame, and the tracking result with the maximum PSR is the final holistic result in the current frame.
Holistic Level
According to the size s g of holistic target image in the last frame and the rough position voted by reliable parts, the holistic-based KCF tracker is carried out. Following Li and Zhu, 33 the holistic tracking is applied on multiple resolutions of the searching area to estimate changes in the target size. The scaling pool is defined as s p ¼ ft 1 ; t 2 ; : : : ; t k g, k samples ft i s g jt i ∈ s p g are extracted that centered at the previous target location. The bilinear-interpolation strategy is employed to resize all samples into the fixed size s g . The sample with the maximum PSR is used as the holistic tracking result.
If the holistic tracking result is reliable, a reset unreliable parts method is employed on local part level. The overlap of i'th local part with holistic target image is given as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 7 ; 6 3 ; 4 1 8 op i ¼
where B i is the bounding box of the i'th part, B g is the bounding box of the holistic target, and op i indicates the ratio of the intersection of the i'th part and holistic target image to the area of i'th part. Each unreliable part of op < 0.5 will be reset when the holistic tracking result is reliable. Figure 5 is an example of resetting unreliable parts.
Adaptive Model Updating
During tracking, it is important to adaptively update parts and holistic correlation filters, because the target object's appearance may undergo significant changes such as MB, BC, partial or severe occlusion, deformation, and rotation. So, we update parts and holistic correlation filters properly to further improve the robustness and decrease the risk of drifting when the target appearance suffers variations. For holistic level, using the current observationsx and the estimated coefficientsα in frame t, the correlation filter is updated as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 8 ; 3 2 6 ; 6 7 5α
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 9 ; 3 2 6 ; 6 3 1x
whereα t andα t−1 are the coefficient estimated in frame t and t − 1,x t andx t−1 denote the tracked target appearance. γ is the learning rate and ϑ is a given PSR threshold, which is used to determine whether the tracking model needs to be updated. In order to reduce the impact of the surrounding background, the update is stopped when the PSR is smaller than ϑ. Moreover, all reliable parts are updated in each frame to guarantee the robustness and accuracy of all parts, and the previous filters are used for the unreliable parts. The scales of all reliable parts need to be updated according to the scale change of the holistic target image, when holistic tracking result is reliable. Using the current observationsx i and the estimated coefficientsα i of part i in frame t, each part can be updated as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 0 ; 3 2 6 ; 4 2 5α
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 1 ; 3 2 6 ; 3 8 1x
where i denotes the i'th reliable part, γ is the learning rate. Finally, the overall KCF-HR tracking algorithm is summarized into Algorithm 1.
Experiments
In this section, experiments are performed on two frequently used public benchmark datasets OOTB 2,11,17 and OTB-100. 27, 29, 30 For better evaluation and analysis of the strength and weakness of tracking algorithms, both of these datasets are classified into 11 attributes, 2,4 including BC, deformation (DEF), FM, IV, LR, MB, occlusion (OCC), in-plane rotation (IPR), out-of-plane rotation (OPR), out-of-view (OV), and scale variation (SV). One sequence may be annotated with many attributes, and some attributes occur more frequently than others, for example, IPR and OPR. 4 The ground truth of these benchmark datasets gives the position and target size of the target in each frame.
Experimental Configuration

Implementation details
The KCF-HR tracker is implemented in MATLAB on a regular PC with Intel i5-2450M CPU (2.50 GHz) and 4 GB memory. In the proposed tracker, most of the parameters are the same as the KCF tracker, the details are as follows. The Gaussian kernel parameter σ is set to 0.5 and the learning rate γ is set to 0.01. Eleven-channel color naming and 31-channel HoG features are used in our experiments; the orientation bin number and the cell size of HoG are 9 and 4 × 4, respectively. Particularly, the cell size 2 × 2 rather than 4 × 4 for each part is used when the size of a part is below 40 × 40 pixels. Typically, the searching window used to train the discriminative correlation filter should be larger than the given target. Therefore, the sizes of searching window of the holistic target and four local parts are set to 2.5 and 2 times that of the target, respectively. For the holistic level, the scaling pool s p ¼ f0.985; 0.99; 0.995; 1; 1.005; 1.01; 1.015g. The number m of shifted patch is set to 4. The threshold ϑ is used to determine whether the part is reliable or the model is updated is set to 20. All the above-mentioned parameters are fixed throughout the experiments.
Evaluation methodology
The precision and success rates are two widely used evaluation metrics for quantitative analysis. [2] [3] [4] The precision plot refers to the center location error, which is defined as the average Euclidean distance between the center locations of the tracked targets and the manually labeled ground truths. The success plot is defined as the bounding box overlap, and the overlap score can be computed with S ¼ jB t ∩B g j jB t ∪B g j , where B t denotes the bounding box of the tracked result, B g denotes the bounding box of ground truth, j · j is the number of pixels of the regions, and ∩ and ∪ represent the intersection and union of two regions. In this paper, the results of onepass evaluation (OPE) are shown. OPE means running the tracking algorithm throughout a test sequence with initialization from the ground truth position in the first frame and reporting the average precision and success rate. 2 Moreover, the performance of a tracking algorithm may become much better or worse when it is initialized with different initialization or at a different start frame. So the robustness of the proposed tracker is evaluated in two aspects including temporal robustness evaluation (TRE) and spatial robustness evaluation (SRE). TRE and SRE are implemented by perturbing the initialization temporally (i.e., start at different frames) and spatially (i.e., start by different bounding boxes), respectively. 
Quantitative Comparisons 4.2.1 Comparison with correlation filter-based trackers
The KCF-HR tracker has been quantitatively compared with seven representative and competitive correlation filter-based trackers including DPCF, 27 KCF, 11 RPT, 15 ESC, 17 SAMF, 33 Staple, 34 and DSST. 35 Among them, RPT is part-based tracker; DPCF and ESC are holistic-part based trackers; Staple and SAMF utilize complementary features such as HoG feature and color feature; SAMF and DSST pay more attention to the estimation of the target scale. All the above correlation filter-based trackers were proposed in recent years and outperformed other correlation filter-based trackers. Figure 6 shows the overall performance of these trackers using the OPE plots on the OOTB dataset, and the values in square brackets indicate the precision with a threshold of 20 pixels in precision plot and the area under curve (AUC) value in success plot. From Fig. 6 , we can observe that the KCF-HR tracker achieves success score of 0.610 and precision score of 0.824 and outperforms other competitive correlation filter-based trackers in both measures. The KCF-HR tracker exhibits improvements in the success and precision scores by 2.3%/1.0% and 2.3%/3.1%, respectively, compared to the SAMF and staple trackers. Compared to the ESC and DPCF trackers, the performance gain is 5.1%/1.4% in terms of success scores. Compared to the original KCF tracker, the KCF-HR tracker exhibits improvements in the success and precision scores by 7.6% and 11.3%, respectively. The reason why the performance of the KCF-HR tracker is significantly improved lies in the effective holistic and reliable local parts KCF-based tracking schema, which is tracked mainly by identifying reliable parts and resetting unreliable parts.
Moreover, robustness is another important metric for evaluating the performance of visual trackers. So, we compare Fig. 6 The (a) precision and (b) success plots using the OPE for the KCF-HR tracker and seven other correlation filter-based trackers on the OOTB dataset. the KCF-HR tracker with the above-mentioned seven correlation filter-based trackers on TRE and SRE, and the experimental results on the OOTB dataset are shown in Fig. 7 . In the precision plots for TRE and SRE, our KCF-HR tracker performs favorably compared to other trackers with scores of 0.841 and 0.778, respectively. Similarly, in the success plots for TRE and SRE, the proposed tracker takes the top place with scores of 0.624 and 0.547, respectively, which are better than those of the SAMF and DPCF tracker. However, due to the interference of more background information during initialization and tracking failure caused by model updating, the average SRE results drop significantly, as shown in Figs. 7(c) and 7(d).
Comparison with state-of-the-art trackers
We compared the KCF-HR tracker with the other 16 trackers on the OOTB and OTB-100 datasets. These state-of-theart trackers can be broadly categorized into three classes:
(a) correlation filter-based trackers including the abovementioned trackers, CSK 18 and CN; 36 (b) single or multiple online classifiers-based trackers, such as MIL, 37 TLD, 38 SCM, 39 and Struck; 40 (c) deep convolutional neural networks (CNNs)-based trackers, including SiamFC, 29 CFNet, 30 and HDT.
28 Figure 8 shows the experimental results of the top 10 trackers with OPE. The KCF-HR tracker achieves success scores of 0.610 and 0.572 and precision scores of 0.824 and 0.791 for the two datasets. Evidently, the KCF-HR tracker outperforms other state-of-the-art trackers except the HDT tracker in terms of precision scores and provides comparable performance to the CNNs-based trackers in terms of success scores. As shown in Table 1 , the KCF-HR tracker operates at an average speed of 6.5 frames per second (fps) on the OTB-100 dataset, which is significantly faster than the HDT tracker (1.3 fps) and slightly faster than the CFNet tracker (5.8 fps). Furthermore, compared to the KCF tracker, the KCF-HR tracker exhibits improvements in the success and precision scores by 9.5% and 9.5% on the OTB-100 dataset.
Speed analysis
We compared the tracking speed of our KCF-HR tracker and the other top nine best performing state-of-the-art trackers on the OTB-100 dataset. All evaluated trackers run on a PC without the hardware acceleration of GPU computation. The tracking speeds of other trackers are shown in Table 1 . We can observe that the KCF-HR tracker runs at 6.5 fps using the nonoptimized single-thread MATLAB code, which is more than three times that of the reliable patches-based RPT tracker. Compared to the global-local correlation filtersbased DPCF tracker, the proposed KCF-HR tracker has achieved encouraging performance, but its tracking speed still need to be improved. Note that the major computational cost of the KCF-HR tracker is the tracking of each part and the estimation of the target scale, which can be easily extended to a parallel implementation to optimize its efficiency.
Attribute-based performance
To evaluate the performance of the KCF-HR tracker under various appearance changes, we analyzed the performance of the tracker and the other top nine best performing stateof-the-art trackers on the OTB-100 dataset. Each sequence in the OTB-100 dataset is annotated with at least one of 11 attributes. Tables 2 and 3 show the precision scores at the center location error threshold = 20 pixels and the success scores of AUC, respectively, regarding these challenging attributes. As shown in these tables, the KCF-HR tracker performs better than other competing trackers (except HDT) in most scenarios in terms of precision scores, and the KCF-HR tracker also provides comparable performance to the CFNet tracker in terms of success scores, which can be attributed to the use of two-level (holistic level and local part level) schema. Compared to the global-local-based DPCF tracker, the KCF-HR tracker performs better than DPCF in most scenarios including FM, MB, IPR, and OCC. In particular, the KCF-HR tracker outperforms other state-of-the-art trackers in the case of MB or OCC, which can be attributed to the effective resetting unreliable parts method and model updating schema.
Component analysis
To better understand the contribution of each component of our KCF-HR tracker, we performed the experiments by removing one of the related tracker modules from the tracker. First, we build a tracker KCF-HR-part by dividing the target image into four nonoverlapping equal-sized parts and keeping the other components unchanged. Second, the KCF-HRwithout-shift tracker is implemented without generating patches by sliding window method. Third, in the KCF-HRwithout-reset tracker, unreliable parts are not reset during tracking. The experimental results of these trackers on the OTB-100 dataset are shown in Fig. 9 . The success score Table 1 The running speed of the KCF-HR tracker and the other top nine best performing state-of-the-art trackers on the OTB-100 dataset. The first, second, and third best results are highlighted as bold italics, bold, and italics, respectively, in each column. Table 2 The precision scores of the KCF-HR tracker and the other top nine best performing state-of-the-art trackers at the center location error threshold = 20 pixels on the OTB-100 dataset. The column headers indicate the attributes and its number of image sequences. The first, second, and third best results are highlighted as bold italics, bold, and italics, respectively, in each column. and precision score of the KCF-HR-part tracker decreased by 1.9% and 2.8%, respectively, compared with the KCF-HR tracker. This is because too small unreliable parts might be reset frequently, which causes tracking failure in the case of BC. In addition, we notice that the KCF-HR-without-reset tracker shows a significant drop in the precision and success plots while the KCF-HR-without-shift tracker experiences only a slight decline. The above analysis means that among the three merged components, resetting unreliable parts contributes the most to the accurate tracking yet the sliding window method contributes the least. The main reason might be that the sliding window method only helps to accurately track the target when the target moves outside the tracking window while proper resetting unreliable parts can increase the number and reliability of reliable parts and improve the overall tracking accuracy. Ultimately, the interaction of three components further enhances the performance of the KCF-HR tracker in challenging scenarios.
Qualitative Comparisons
In this section, the KCF-HR tracker is qualitatively compared with nine state-of-the-art trackers and the tracking results of eight representative sequences with all 11 attributes are shown in Fig. 10 . It can be observed that the proposed KCF-HR tracker achieves favorable results compared with the state-of-the-art trackers on these sequences. Fig. 9 The (a) precision and (b) success plots for the KCF-HR tracker with different components on the OTB-100 dataset. Figure 10 shows some sampled results of image sequences including Girl2, Human3, Tiger2, and Box where the target objects undergo partial and heavy occlusion. In the Girl2 sequence, a girl is fully occluded by another man at frame 106 and the girl reappears at frame 129. When the girl is fully occluded and reappears, only the DPCF tracker and our KCF-HR tracker are able to track the girl. When the girl turned around at frame 1052, the DPCF tracker also fails to track her. Only our KCF-HR tracker tracks the target girl stably throughout the sequence. In the Human3 sequence, the target man undergoes heavy occlusion, SV, and BC (e.g., #0043, #0076, and #0127), which makes it challenging to accurately track the target. Most of the trackers, except the HDT and KCF-HR trackers, cannot track the target accurately. Our tracker performs favorably because it combines the holistic-part schema and resetting unreliable parts method to find more reliable parts.
Occlusion
Motion blur
Another challenge for a tracker is to handle MB caused by FM of the target or camera. In the sequence of BlurOwl, the target owl is blurred due to its rapid movement with SV and IPR at frames 47, 150, and 384, as shown in Fig. 10 . All trackers except the deep learning-based trackers (CFNet, SiamFC, and HDT) and our KCF-HR tracker failed to track the target accurately. In Jumping, the man undergoes MB several times caused by rapid movements up and down (e.g., #0036, #0037, and #0108). Only HDT, RPT, and our KCF-HR trackers track the target accurately throughout the sequence. The reason why our tracker handles MB and FM well can be attributed to the proposed sliding window method and resetting unreliable parts method.
Deformation
In Fig. 10 , Tiger2 is a typical challenging sequence where the target object is undergoing severe deformation and other challenges such as FM, occlusion, and in-and out-of plane rotation. In the initial, all trackers track the target object successfully (e.g., #0032). When the target is continuously deformed at frames 261, 271, and 280, the trackers including DSST, KCF, and SAMF are suffering drifts or tracking failure and trackers including RPT, Staple, and CFNet fail to estimate the scale of the target. In the Couple sequence, the target woman appears in the screen with rapid appearance changes due to FM, shape deformation, and shaking of the lens. In addition, the background of the sequences is complex and changes rapidly, which further increases the difficulty of accurate tracking. All trackers perform well in the initial few frames, e.g., #0015, whereas only CFNet and our KCF-HR tracker perform well in the whole sequence.
Background clutter
In the sequence of Liquor, the target bottle is surrounded by several similar bottles and the background is cluttered, e.g., #0910 and #1115. All trackers except KCF, DPCF, and KCF-HR are failed to track the target bottle accurately. In the sequence of Box, the target box is moving in a cluttered background, as shown in Fig. 10 . At frame 445, all trackers except HDT and SiamFC track the box successfully. When the box is partially occluded and reappears at frame 496, only the SAMF and our KCF-HR trackers perform well. When the target box is rotated at frames 501 and 517, only the KCF-HR tracker is still on the target. The KCF-HR tracker shows high robustness on sequences including Human3 and Couple that undergo BC and other challenging appearance variations. The KCF-HR tracker handles BC and other challenging appearance variations well because it employs the holistic and reliable-parts-based schema and the adaptive updating schema, which can reduce the risk of drifting and eliminate most of the effects of the background and appearance variations.
Conclusion
In this paper, we propose a KCF-based visual tracker via holistic and reliable local parts. The proposed KCF-HR tracker consists of local part level and holistic level. In the local part level, the target object is divided into four overlapping parts and each of these parts is tracked with the KCF tracker. A sliding window method is employed on each part to generate several patches when all local parts are unreliable. All generated patches of a part are tracked to find reliable patch, and the part is replaced by the generated reliable patch. Then the rough position of the target is voted by weighted reliable parts. In the holistic level, the KCF tracker on multiple resolutions of the target image is performed on the rough position. A reset unreliable parts method is employed and correlation filters of reliable holistic and parts are adaptively updated. Experimental results on frequently used public benchmark datasets OOTB and OTB-100 show that the KCF-HR tracker outperforms several state-of-the-art trackers and can effectively deal with FM and MB and ease the drifting problem caused by rotation and occlusion.
